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Mobile Robot Navigation

Navigation Applications
e Unmanned exploration
e Convoys for military supplies

¢ Autonomous highway driving

Robot localization is critical for:
e Effective path planning

e Accurate construction and use
of global maps
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Sensor Based Localization and Mapping

Localization Methods
e Dead reckoning [Lu&Milios]

e Beacon based localization (GPS)

e Localization using known maps
[Borenstein]

e Localization with no prior knowledge
of environment
- Requires sensor based mapping

Mapping Methods
e Grid based mapping - [Elfes]

e Feature based mapping - [Chatila &
Laumond]
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Sensor Based Localization and Mapping

Critical Goals

e Accurate estimates of
— robot position
— map feature position
— measurement uncertainty

e Robustness for long term
operation

e Computational efficiency
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Sensor Based Localization and Mapping

= j
Critical Challenges @
e Data association accuracy and Ol ’
efficiency { *
\
— Feature correspondence \
\
e Sensor noise compensation Y
e Unmodeled errors and effects @ ¢

— Changing environment ,

— Bad data Jv[’
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Overview

Three localization and mapping methods are presented

Assumptions: Planar robot motion in SE(2)
Sensors: Dense planar range scanner, Simple odometry

/
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Overview

Three localization and mapping methods are presented

1. Range point based
dead reckoning:
scan matching

2. Line feature based
mapping and global
localization

3. Multi-scale feature
based mapping and
global localization
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Overview

Three localization and mapping methods are presented

1. Range point based E —
dead reckoning:
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Overview

Three localization and mapping methods are presented
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Overview

Three localization and mapping methods are presented

1. Range point based
dead reckoning: Critical Goals

scan matching e Accurate estimates of

— robot position
— map feature position
— measurement uncertainty

2. Line feature based
mapping and global
localization

- R ness for long term ration
3. Multi-scale feature e Robustness for long term operatio

based mapping and e Computational efficiency
global localization
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Method 1) Weighted Scan Matching

Scan 1

Scan?2

Rl —

Initial
Displacement
Guess

H

\\ . Point Correspondence
»

@ K T Scan Matching

Iterate

Displacement Estimate

e Correlate range measurements to estimate displacement
e Can improve (or even replace) odometry - [Roumeliotis]
e Previous Work - Vision community and Lu & Milios '97
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Weighted Approach

Explicit models of uncertainty Correspondence Errors
& noise sources for each point pair: =

4 ’
N
, N

e Sensor noise & errors
— Range noise

— Scan angle uncertainty (
Pose j

e Point correspondence uncertainty
— Due to a geometric effect

k

Pose i

Improvement vs. unweighted method:
e More accurate displacement estimate

-~

\ o e More realistic covariance estimate
A . s -
g e Increased robustness to initial conditions
/ e Improved convergence
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Weighted Approach

Explicit models of uncertainty Correspondence Errors
& noise sources for each point pair: ﬂ/

e Sensor noise & errors

— Range noise
— Scan angle uncertainty

e Point correspondence uncertainty k
— Due to a geometric effect @
. Improvement vs. unweighted method:
e | e More accurate displacement estimate
P \ > e More realistic covariance estimate
- @ L2 e Increased robustness to initial conditions
/ e Improved convergence
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Weighted Formulation

Goal: Estimate displacement (p;;, ¢;)

Measured range data
from poses 1 and |

\ . . .
’“’E = 5’1:,},?. + bi + ?}1
W = oul+ bl + ]
7 -/ \
sensor bias true
noise range

Error ¢/ between k" scan point pair

e/ = U — Riju;, —pi; Rij = rotation through ¢;;
7 =g N X) 19 — S
(Noise Error) (Bias Error) (Correspondence Error)
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Covariance of Error Estimate

.. A .. ..
(¥} — vy IN\T
P =k {5/& (ex) }
Tk J k“tg Tk ) <k
(SenSOXNoise) (Sens;’rr Bias) (Correspondence)

1) Sensor Noise

NPI@ = Lk [5@74( Pose 1
(d})?05 [2sin® 0], —sin20;] o7 [2cos?0} sin 26
2 — sin 29}‘; 2 cos? 9,@ 2 | sin 2‘912 2 sin? ‘912

2) Sensor Bias
Neglect for now - more details in dissertation
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3) Correspondence Error = ¢V
Estimate bounds of ¢ from the
geometry of the boundary and
robot poses

Max error = (8% + 4%)

_ [, sin 3 | sinaj cos
2 sin’ aj — sin? 3

Assume uniform distribution
(6)° + (8)°

i\ 2 i ij
Bliu)] = 30, +on) e i = Gt
°Pl = El5!(])"] = El(m)1tat],
B (51)3 + (6%)3 cos®nt cosnt sinn!
~ 3(8L 4 6L)  |cosmy sinmy sin® 7!
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Determination of Incidence Angles

Goal : Find incidence angles o’ and o,
Approach : Use the Hough transform to extract underlying lines

Hough Transform .
N\

N
)

&

e General pattern
detection method

e Fits lines to range data -
Real space Hough space

e Local incidence angle
estimated from line ~_ /
tangent and scan angle / Y

e Common technique in / ° 5
vision community ~ 7 AF/ /

™~

34
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Maximum Likelihood Estimation

Likelihood of obtaining errors 5 ' given displacement Gij

i o—3(e) T (BT Dy
£ o) = [ = (5]

k=1 2my/det P’

Non-linear Optimization Problem V(£) =0

e Position displacement estimate obtained in closed form

n; N -1
1] 1]
Pij = Pppz ( ﬂf% Rijﬁi)) Ppp = (Z(P;J)1>

k=1

e Orientation estimate found using 1-D numerical optimization, or series
expansion methods
S ek (P ek [ 0 -1 ] a = R

5&2— n,; ’
L qT (PP g,
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Experimental Results: Robustness Testing

e 1525 trials with different
initial displacement guesses

e Max initial error =
600mm, 0.6 radians

e Successful convergence
defined by covariance

Weighted Results
e 95.5% converge

e Average error =
2.5mm, .57 mrad

Unweighted Results
e 31.2% converge

e Average error =
11.1mm, 16 mrad
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Experimental Results: Robustness Testing

| B Closeup : Pose 2

e 1525 trials with different
initial displacement guesses

e Max initial error =
600mm, 0.6 radians

e Successful convergence
defined by covariance

Weighted Results

e /5.1% converge

e Average error =
3.1mm, 0.04 mrad

Unweighted Results
e 3.0% converge

e Average error =
14.5mm, .47 mrad
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Experimental Results : Long Run

T T T T T T T ’/""P*-—-l o] T

32.8 meter, 109 step loop path
‘ oA ;’ | Weighted Results

e Final error =
43mm, 2.9 mrad

e,

Unweighted Results

e Final error =
271mm, 21 mrad

' B Closeup : Final Pose

(3 True Final Pose
| (O Final Pose — Weighted Run
(&> Final Pose — Unweighted Run

8 I.";:kﬂ;‘;;?:’ ;Jgies'ésnmgre ‘ - —. Final Covariance (3c) — Weighted Run
(3 Final Uraweighted Poss Estimets — — Final Covariance (3c) — Unweighted Run

Final Odometry Pose Estimate
-8 Weighted Pose Estimates
—»— Unweighted Pose Estimates 500 1 000 1 500 2000 2500

Odometry Pose Estimates

+ Scan Points — Weighted Run - (mm)
Scan Points — Unweighted Run

| 1 I | | I

| | | ! | |
—-4000-3000-2000-1000 0 1000 2000 3000 4000 5000 6000 7000
(mm)
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Experimental Results : Long Run

—— Unweighted

» Scan Points

Scan Points

(> True Loop Start/Finish

H (O Final Weighted Pose Estimate

(3 Final Unweighted Pose Estimate
Final Odometry Pose Estimate

- Weighted Pose Estimates

Pose Estimates

i Odometry Pose Estimates

- Weighted Run

T T

— Unweighted Run
I I T

1

-5000 -4000 -3000 -2000-1000
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Weighted Results

e Final error =
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WLSM Conclusions
Contributions:

e A method of point correspondence error compensation
through modeling

e A general approach to incorporate uncertainty into scan match
displacement estimates

Results:

e More accurate relative position estimation
e More accurate covariance

e More robust to poor initial guess

e More efficient in the case of poor initial guess
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Method 2) Line Segment Feature Based
Localization and Mapping

1. Define and extract features from the raw data
2. Compare and align features across data sets
3. Use assembled feature based maps for localization

Raw point data
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Method 2) Line Segment Feature Based
Localization and Mapping

1. Define and extract features from the raw data

2. Compare and align features across data sets
3. Use assembled feature based maps for localization

Extracted line segment features
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Method 2) Line Segment Feature Based

Localization and Mapping

1. Define and extract features from the raw data
2. Compare and align features across data sets
3. Use assembled feature based maps for localization
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Method 2) Line Segment Feature Based
Localization and Mapping

1. Define and extract features from the raw data
2. Compare and align features across data sets
3. Use assembled feature based maps for localization

Benefits vs. point based methods

e More efficient data representation for reduced storage
e More efficient localization and mapping algorithms

e More discerning data association

Background

e Fitting lines to range data has been done
[Ayache, Faugeras, Castellanos]

e | introduce rigorous noise modeling, and novel feature correspondence
methods

04/14/2006 44



i « | Paa Poép
0 P P,
S — P —
wa ° PlbaOé P¢aP
Rz Pyya Pyyp

04/14/2006

45



02 0 0 0 1 0 0 0

0 o2 0 0 ) 1 0 0
p -1 —I\T o P

0 0 of 0] p Ps(Hp)", Hp = —Pyp,a/Paa 0 1 0

0 0 0 o5 | —Pyyo/Paa 0 0 1)

04/14/2006 46



Line Segment Feature Extraction

1. Group colinear points using a Hough transform
2. Fit optimal infinite line using point noise models
3. Extract endpoints and repeat for any unused points

1. Initial grouping using a Hough transform

Raw points Hough space Infinite line Grouped points
A A B A
0 114
%)
: )
)
Robot pose o s Y ;
e ; o
e !
T e
g
)
T P, o) o
toomm || / y o 1900 mn ,m”/ 1900 mm
p (mm) — Extracted infinite line < Grouped points
Range point: —4900 —2900 Q ZQOO 4QOO -~ Range scan points Point uncertainty bounds
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Feature Extraction: Weighted Line Fitting

e Find L = |a, p] which f
minimize the set of errors 5p e\ [e]/ /TS

opr, = d,, cos(a — ék) — D

Ps,. = |cos(&)sin(&)|P,, [cos(&) sin(a)]*

First calculate center of rotational uncertainty position ¢ p:
kot P

Vp

f— ’I’L 1
2 k=17,
Then use a maximum likelihood approach compute
n  dy cos(a—0y) n dpR0Y
D k=1 Psp, : D k=1 ( ?f%pkk)
PETST T T T (G
k=1 Py, 2 k=1 ( Pso, )
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Feature Extraction: Endpoint Detection

Split line at large ga
* opliti J9¢ gap e Repeat to find multiple lines

e Determine endpoint
covariance b

Gap Measurement ~ / \
@ @ /\\E € o /

—— Extracted line segment —— Extracted line segments
Line uncertainty bounds Line uncertainty bounds
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Line Segment Feature Correspondence

Hypothesis: Feature A from pose ¢ and feature B from pose j
represent measurements of the same aspect of the environment

e Type | error : Rejection of a true
hypothesis

e Type Il error : Acceptance of a false
hypothesis

Hypothesis test types:

e Chi-squared hypothesis test -
Addresses type | errors

e Probabilistic confidence test -
Addresses type |l errors
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Chi-squared Hypothesis Tests
Can the observed error be reasonably explained by the model?

Underlying line chi-squared test:
e Compute combined center of rotational uncertainty Vp

e Transform both lines to frame at Vp
e Calculate Mahalinobis distance

T
O{i—()éj
Pz'—Pj]

D2=|%"% | (p +p !
[Pz‘—Pj]< Lt LJ)

The hypothesis is rejected if D? > x?
-The x? threshold is from a chi-squared distribution at a chosen probability
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Feature Correspondence: Overlap Test

Ay

C=vy—t O=vi—v Al=—

Piecewise calculation of D?

) ) .. S.
if .-l <A then D* =0 l

S,
| | . i j_Amx
if ¢Z—¢g>A:’jthenD2:(¢;i ¢:_ij) \

wa@ba wb¢b
(Wi — ol + AY)?

- ;
By T Libatpa

if WL—l < =AY then D* =

The hypothesis is rejected if D? > y?
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Feature Correspondence: Endpoint Test

e Endpoint Mahalinobis
distance calculation

D2 _ (TPZ - @,)2 ) /'g'{jb
' F ot T F ialba Ig\.j\s' S,
pr _ W91y o
Py, t Py,

e Only matching aspects of a feature are later merged

e Chi-squared test not effective at detecting false positives
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Probabilistic Confidence Test
What is the likelihood of a false positive?

~ S J
\ Ne—"
—C _
/\
= (|Oéi—04‘7:\
Pl + Pla
o' — | = A”—\/X o+ Pla)

With a similar calculation for p, the probability of a random match is:

Ay [ AY
P(Mis) = 2m <2d ) )
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Probabilistic Confidence Test
What is the likelihood of a false positive?

J S
S, o
—
"
V: = (lo" — Oéj:‘
Faa & Fon
|ogi_ogj| — Aw—\/x +Pgéa

With a similar calculation for p, the probability of a random match is:

Ay [ AY
P(Mis) = 2m <2d ) )
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Line Merge

e [ransform both features to
frame at Vp

e Calculate hypothesis tests

e Merge line feature portions
which correspond

Full segment merge:

Si, = P ((Ps)7'S;i+(Ps)7'8;) Pi = ((Ps)™ +(Ps)™") "

Underlying line only merge:

L, = P ((Po) 'L+ (Pp)"'L;) Pi = ((Pu) '+ (Pr) )"

Unmerged ends are updated as follows: 47 = min(v%,47), ¥ = max(¢)}, 7))
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Kalman Filter Based SLAM

e Robot state attimestep k : X = [z vy ¢ S1 ... S,
o State covariance matrix at timestep & : Px,
e Propagation step : Integrates odometry

e Update step : Incorporates sensed features
— Updates both robot position and feature coordinates

—1
K, = Pk|k—1HZ <HkPk|k—1Hg + Vkpgva)
Xk = Xk|k—1 + Kk(g — h(XkUc—la O))
P, = (I— KypHy)Pyi-1

Matrix H; depends on which aspects of the line segments were
determined to match
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Hallwav Data : 30 Poses, 24.2 meters
_ Raw Points -

E
i
{

N

-
G Ree066sg 600066 EB® %(é%@ B HHEOHD

i F"—.

Merge Full Line Map : 20 lines total T~ Full Merge Line Map

= . .
- Merge Adjacent Line Map : 54 lines total N Sﬁﬁiﬁg;y ffﬁ: ;'Qs Ve

—esdge
.-

T4t
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Line Segment Feature Based Mapping

Localization comparison : Errors due to lost data

Odometry : Raw Data..

. e

1000 mm

| I—

(3 Actual Robot Poses
(G Robot Poses
Range Point Data

Castellanos et.al.

)
.
g

Q)
©

1000 mm

| I—

(3 Actual Robot Poses
(G Estimated Robot Poses
— Line Segments

My Methods
©)
O
O
O
1(|)0()_m,m

(3 Actual Robot Poses
(® Estimated Robot Poses
— Line Segments
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Line Based Approach Conclusions
Contributions:

e An improved method of line feature extraction with individual point noise
modeling

e An effective approach to feature correspondence :

— Tests for partial feature matching
— A method of estimating confidence of a feature pair match

e Improved compensation for non-linear effects

e A more flexible line feature :

— Allows for comparison of very short line segments
— Allows for effective merging of long line segments across gaps

Results:
e Improved accuracy in localization and mapping

e more robust feature correspondence

e More efficient map representation without data loss

04/14/2006
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Method 3) A Multi-scale Approach

e Introduces a block feature e s
> I Y 0
. . g ! :
— Extends the line segment with — ul %: nl]
a notion of width : N : ° H
o o
. ) "
e Introduces a multi-scale tree S I N,
structure °ﬂ o
— The dat a |S repre se nted at e e o ity
multiple scales 2 L
— Related data is connected in — “
the tree ° H
o q o
. . . = L]
MOtlvatlon. q: EU IO&m IO&m
. .. e
e Computational efficiency ST— & e, &
04/14/2006
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Multi-scale Background
Prior approaches to address computational complexity
e Sparsification of the information matrix [Leonard, Thrun]j
e Selectively reduce the feature set [Newman]

e Rao Blackwellization for particle filtering based SLAM
algorithms [Thrun]

Multi-scale approaches in robotics
e Efficient data processing [Madhavan]

e Efficient representations [Theocharous, Thrun]
Multi-scale approaches in vision
e Multi-scale features for object recognition [Lowe, Kadir]

e Multi-scale edge detection and filtering [Perona, Weickert]
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Multi-scale Overview:

®  Selected feature nodes

e Feature extraction

— Multi-scale Hough transform A

e Feature correspondence

— Scale compensation
— Partial feature matching

e Multi-scale tree structure

C 2 S elected feature bounds
Extracted bounds uncertainty Extrac S ai
[]
. E X r I m n I r I Scale = 50 mm Scale =25 mm
L 0 k5] [
0
]

— Correspondence benefits ~ L

— Robustness benefits gl -

— SLAM — 4 =l
— Kidnapped robot problem S e, | |5 demi—,
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Pa
Pb
Va
(3

Block Feature Representation

Papa

PaPa
PbPa
}%bapa
wapa

Pap,

PaPp
PbPb
Pwapb
P Yppp

Pay,
}Z%ﬂﬁa
Ppbwa
Ppaa
Pyipa

Pa%
Ppa@bb
Ppbwb
P¢a¢b
P@Db%
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Center point :
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B I o Ck Feat u re Ext ra ct i o n Block Position Extraction (pa, pb) Block Position Extraction (pa, pb)
Coarse Scale Fine Scale

<N~ \/
e Features are extracted

sequentially using a
multi-scale approach based
on the Hough transform I\

a a

T Hough space data at angle o ™77 Hough space data at angle o
=== Convolved data === Convolved data
— Extracted block bounds (pa pb) — Extracted block bounds (pa pb)
. Extracted bounds uncertainty Extracted bounds uncertainty
Raw data points Hough Space
p (mm) p (mm)
0 I () -2000 0 2000 4001 ~3000-2000-1000 0 1000 2000 3000
_.-": ."\ \n Extracted infinite block Extracted infinite block
LY % - Coarse Scale Fine Scale
A 3
ad 3
o — Rk Ty
\" ' <N\ =N
e \ e \
Kl 3 A kY
v ,\‘“ 4 B 3
, 33 - /- N 4
! s !
Robot pose -,:' ° K l\
p .f.n' =3 \
€ P
Y "
e ""’J.' CI>
T % /
P o ;
)J‘ 1000 mm
1000 mm
p (mm) -~ —
—4000 2000 0 2000 4000
: : : : : — Extracted block bounds — Extracted block bounds
Extracted bounds uncertainty Extracted bounds uncertainty
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Block Feature Extraction

e Endpoints are extracted using
a convolution analysis

e Subsequent features are
extracted from remaining

points

Covariance Terms:

Pyorpa
wawb

04/14/2006

(DOé)2 _|_ Po?oz

scale + noise

Endpoint Extraction W, w)
Fine Scale

N

Convolution Basis

+ Point data inside infinite block
B Point data projected into  axis
=== Convolved data
— Extracted ends (y_ )
a'b .
Extracted bounds uncertainty

v (mm)

-2000-1000 0 1000 2000 3000

Extracted Block
Fine Scale

— Extracted block bounds
Extracted bounds uncertainty

Hough Space
0 I

o (rad)

(mm)
-4000 -2000 0O 2000 4000

Extracted Block
Fine Scale

7 Prior block
— Extracted block bounds
Extracted bounds uncertainty




Efficiency in Multi-scale Extraction

e Sub-sampling - At coarse
scales the Hough space bin
size can be increased

e Prior estimation - A prior
guess can limit Hough space
bounds

¢ Reuse - Hough space
calculations can be reused at
multiple scales

04/14/2006
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Block Feature Correspondence

Two groups of hypotheses are
considered:

e Overlap Hypotheses ,'
— Takes scale based differences '
Into account

— Allows for rough matches at
coarse scales

Pose j

Different representation of
e Matching Hypotheses identical data

— Considers block border
correspondence

— Only takes parameter uncertainty
iInto account
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Overlap Hypotheses
Can the blocks be describing the same underlying contour?
Orientation Overlap Test:

. i i | I _ i
A’ = tan! (’0? 'OCZ) , A =tan! pg p‘;.
wb o wa wb —

if |a'—a?| < A"+ A then D?* =0
(lof —a?| — AL + A)*

if Ja'—al| > AL+ A then D* = , .
Pozza+PgéO4

Tests along block width and length dimensions are similarly formulated

04/14/2006
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Match Hypotheses

e Chi-squared tests are developed to determine block boundary
matches

e Boundary match tests are analogous to line segment matches
e Partial matches can occur

e Matching boundary elements are used to merge and localize
) 6@"%
\Ni

04/14/2006 71




®  Selected feature nodes

Scale Tree Construction:

e Bottom up approach /

m
¢
S| e
5
1]
=3
]
1=}
=]

— Benefits in Hough space
reuse similar to Gaussian
scale tree

e Top down approach

— Separates data for

computation at finer scales ! L

— Allows for partial D R H F l
construction of tree as M -
needed —d M=
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Tree Based Correspondence

e Matches are established across
scales descending from coarse to
fine

e Finer scale feature match search is L o
guided by coarser matches -y | =y
; i

e Match search scales linearly with the ... .. g %
number of features —d

e Experimental results vs. single
scale:

— 100 overlapping pairs considered
— Average of 4-fold decrease in
computation time

atched features, posel
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Tree Based Localization

e Matches are established across scales descending from coarse to fine
e An updated displacement estimate is calculated at each scale
e Experimental results show improved robustness to initial error

atched features, pose2
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The Kidnapped Robot Problem

e Consider a large, unmodeled localization error

e The robot has no prior position knowledge
e Goal: Relocalize the robot, or determine it is in a new region

1000 mm
Block Feats
<+ Range Data
M

;

:

@P g‘
:

< 3

—t—9

@\g

g [
el

N
éa%::.%%

<.
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The Kidnapped Robot Problem

e Generate hypotheses
by aligning two features

e [est hypothesis by
computing percentage
of feature overlap

e If more than 50%
overlap, check at a finer
scale

o If less than 50%
overlap, invalidate
hypothesis

04/14/2006

Examples of invalidated hypotheses

Comparison Scale = 200mm
Overlap Ratio = 0.44797 — INVALID HYPOTHESIS

Comparison Scale = 200mm
Overlap Ratio = 0.26055 — INVALID HYPOTHESIS

N[ 1000 mm
<, | )
-

~r - 1000 mm
<, '_’l [—
L

Comparison Scale = 200mm
Overlap Ratio = 0.38526 — INVALID HYPOTHESIS

Comparison Scale = 200mm
Overlap Ratio = 0.2519 - INVALID HYPOTHESIS

1000 mm
i
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The Kidnapped Robot Problem

Examples of hypotheses invalidated at a finer scale

Comparison Scale = 200mm
Overlap Ratio = 0.993 - CANDIDATE MATCH

Comparison Scale = 100mm
Overlap Ratio = 0.8594 — CANDIDATE MATCH

Comparison Scale = 50mm
Overlap Ratio = 0.40885 — INVALID HYPOTHESIS
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The Kidnapped Robot Problem

Comparison Scale = 200mm
Overlap Ratio = 1 - CANDIDATE MATCH
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The Kidnapped Robot Problem

Averages over 50 runs at different positions in the map

e Multi-scale results

— 2.74 seconds to first solution
— 9.65 seconds for exhaustive search

e Single-scale results

— 25.3 seconds to first solution
— 40 minutes for exhaustive search

Averages over 30 runs from positions not in the map

e Multi-scale results
— 8.3 seconds for full search and no found hypotheses

e Single-scale results
— Over 30 minutes per run

04/14/2006 79



Multi-scale Approach Conclusions
Contributions:

e A method of multi-scale feature extraction with individual point noise
modeling

e An effective approach to multi-scale feature correspondence

e A more flexible feature :

— Allows for representation of arbitrary data distribution
— Allows for comparison of line-like and point-like features

e A multi-scale tree structure for efficient data comparison
Results:
e Maintains the high accuracy of line-segment methods

e more robust to error unstructured environment
e More efficient computation of feature correspondence

e More efficient solution of kidnapped robot problem

04/14/2006
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Future Work

e Further explore of scale-tree efficiency

— Focused feature extraction through
partial tree construction

e Apply and test features in unstructured
outdoor environments

e Develop rigorous multi-scale Kalman filter
based SLAM

e Extend algorithms for 3-D mapping

04/14/2006 81



Acknowledgments

e Joel Burdick

e Stergios Roumeliotis

e Kristo Kriechbaum

e Robotics group

e Darpa Team Caltech

e JPL Mars rover crew

e Dad, Mom, Ben, Eliza and Frank

o My wife, Heidi

04/14/2006 82



Acknowledgments

e Joel Burdick

e Stergios Roumeliotis

e Kristo Kriechbaum

e Robotics group

e Darpa Team Caltech

e JPL Mars rover crew

e Dad, Mom, Ben, Eliza and Frank

o My wife, Heidi

04/14/2006 83



Conclusion : Contributions
Weighted Scan Matching Approach
e A method of point correspondence error compensation through modeling

e A general approach to incorporate uncertainty into scan matching
Line Segment Feature Based Approach
e An improved method of line feature extraction
e An effective approach to feature correspondence
e Improved compensation for non-linear effects
e A lossless line feature based approach
Multi-scale Feature Based Approach
e A method of multi-scale feature extraction
e An effective approach to multi-scale feature correspondence

e A multi-scale tree structure for efficient data comparison
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